AESOP / YOUNG ACADEMICS NETWORK Introduction
Sprawl usually describes an urban development pattern that is inefficient in its use of land (Freilich et al., 2010) . It is generally negatively charged and commonly associated with 'low density development on the edges of cities and towns that is poorly planned, landconsumptive, automobile dependent and designed without regard to its surroundings' (Beck, Kolankiewicz and Camarota, 2003) . Initially, some of the driving forces behind sprawling expansion included housing affordability, access to open space, proximity to nature and a better climate and air quality (Bruegmann, 2006; Gavrilidis et al., 2019) . Instead, sprawl in the US has been connected to numerous social and environmental impacts, including weakening of social capital through inner-city decline, racial segregation, lack of affordable housing, deterioration of existing built-up areas, global warming through increased traffic volume, and erosion of agricultural land and open space (Burchell et al., 1998; Camagni et al., 2002; Freilich et al., 2010; Kahn, 2001; Wilson and Chakraborty, 2013) . This paper explores the spatial linkages between sprawl and environmental injustice indicators in the US. Specifically, it examines whether socially vulnerable groups reside in areas with poor air quality -ozone concentrations and cancer risk from air toxics-and high levels of sprawl, to characterize potential synergies of sprawl and air pollution on certain areas and populations. The following sections briefly discuss sprawl and environmental justice metrics and provide a review of past research and current knowledge gaps on the simultaneous relationship between urban development patterns, air quality and socially vulnerable populations, and implications for environmental injustice.
Sprawl Metrics and Links to Air Pollution
Several studies have documented sprawl's possible causes and consequences (see Galster et al., 2001; Wei and Ewing, 2018) , yet, there is widespread disagreement about what exactly constitutes sprawl and how to quantify it (Christiansen and Loftsgarden, 2011; Jaeger et al., 2010) . The famous expression that 'most people would be hard pressed to define urban sprawl, but they know it when they see it' (Ewing, et.al, 2002) , vividly describes the associated uncertainty and ongoing debates about sprawl. Numerous attempts have been made to suggest a widely accepted working definition and subsequently, measures and indexes to inform practice, but there are still those who support that more research is needed, as sprawl's determinants and characteristics 'are not yet fully understood' (Torrens and Alberti, 2000) .
Perhaps the most popular variables used to quantify sprawl are density of housing, population and employment, land use mix and level of dependence on automobile travel (Zhao and Kaestner, 2010) , but issues with scale arise. Torrens and Alberti (2000) highlight that measurements of sprawl may look different in a neighborhood, block, city county or metropolitan area. Eid et al. (2007) point out to the inability of county-level measurements in capturing the 'neighborhood self-selection.' Lastly, Gordon and Richardson (1997) question whether the total area of a place should be included in the calculations versus the area upon which people would normally reside (excluding water bodies, wetlands etc.).
Among the most famous past attempts to operationalize sprawl is an index developed by USA Today (El Nasser and Overberg, 2001) , related to population living in urbanized areas and change in this population between 1990 and 1999 . Surprisingly, this study characterized Los Angelesa typical sprawling example-less sprawling than New York. Similarly, the Sierra Club (1998) quantifies sprawl based on population shifts from city to suburb, land area growth vs. population growth, time spent in traffic, and loss of open space (Sierra Club, 1998) .
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In 2002, Smart Growth America (SGA) and the US Environmental Protection Agency (EPA) published a study that proposed a sprawl index based on two major dimensions: development density and street accessibility for 448 metropolitan counties in the US (Ewing and Hamidi, 2014) . The study findings were updated in 2014 to include 993 counties and additional builtenvironment dimensions: residential and employment density, neighborhood mix of homes, jobs and services, strength of activity centers and downtowns and street accessibility, which were all combined into one sprawl index (Ewing and Hamidi, 2014) . The refined index incorporates a large US segment, relatively recent census data and addresses sprawl through a variety of built environment dimensions, which together cover the most popular definitions of urban sprawl.
Since its first release, this index has been used in several studies and has been linked to physical inactivity, obesity, traffic fatalities and others. A considerable amount of literature utilizes the 2002 version of the SGA index and focuses on the environmental impacts of sprawl, specifically its links to air pollution. Stone (2008) found significant associations among 45 sprawled regions in the US and high ozone exceedances. Similarly, Schweitzer and Zhou (2010) linked neighborhood-level air pollution (ozone and particulate matter) and sprawl in 80 US areas. The authors also highlighted higher exposures in neighborhoods with poor households and racial minorities. Lastly, Bereitschaft and Debbage (2013) explored 86 US areas and related sprawl-like urban morphologies with higher concentrations and emissions of air pollution and carbon dioxide.
The links between urban sprawl and air pollution have also been investigated in other countries, beyond the US. Kang et al., (2019) examined ozone pollution and urban form in Korea and found that land use mix, clustering and development concentration were significantly associated with better air quality. Somewhat contradicting findings come from Li and Zhou (2019) , who did a large-scale analysis of 288 Chinese cities and linked 5 metrics of urban form with 6 air pollutants. Their results suggested that lower-sized, moderately scattered, polycentric cities may be preferred for better air quality. However, not all scattered development is considered sprawl, but only the type of 'uncoordinated growth' without concern for its consequences (Batty et al., 2003) . The above indicate that while there are documented linkages between some sprawl dimensions and certain air pollutants, there is limited understanding on the connection of types of urban expansion and combined socioenvironmental inequalities.
The Relationship of Sprawl and Environmental Justice
As seen previously, urban sprawl is one of the most pressing concerns facing American cities. There is a lot of debate on how to measure it and ongoing research continuously addresses its environmental consequences and attempts to find remedies that promote more sustainable and healthier urban development patterns. There is rich literature on the relationship between sprawled areas and air quality, but demographic indicators are usually absent from such studies, even though much environmental justice-oriented studies highlight the disproportionate burdens of outdoor pollutant concentrations on socially vulnerable populations. For instance, Morello-Frosch and Jesdale (2005) examined links between socioeconomic status (SES) and ambient air toxics exposures and their associated cancer risks for 309 metropolitan areas in the US and found that racial residential segregation highly affects the degree of such exposure. Likewise, Pastor et al. (2005) examined the spatial distribution of environmental risk in the state of California and their results showed a persistent disproportionate exposure of ambient air toxics by race. More recently, Tessum et al. (2019) formally quantified unequal burdens from air pollution to black and Hispanic minorities in the US, through their 'pollution inequity' metric.
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The concept of environmental justice (EJ) means both a social movement that fights for the just distribution of environmental costs and benefits, and an environmental movement that brings together theories of the environment regarding sustainability, law, policy, planning and ecology (Schlosberg, 2009 ). As such, it incorporates a clear spatial component where spatial forms and scales connect to socio-environmental disparities (Walker, 2009) . Environmental justice critiques have often targeted traditional planning issues, among which are smart growth and sprawl (Agyeman, 2007) . However, to date, limited, if none, research has examined directly the socio-environmental implications of urban form characteristics.
Revealing issues with environmental injustice heavily depends on the way EJ is measured and analyzed in a spatial context. Typically, variables combine environmental stressors with sociodemographic characteristics and there is increasing interest in developing tools that can capture cumulative socio-environmental disparities at the most local scales (Sadd et al., 2011) . Ongoing work on producing EJ metrics is carried out by several U.S. governmental entities and non-profit organizations, such as the Environmental Protection Agency (EPA), the Department of Health and Human Services, the National Institute of Health, the National Library of Medicine and the Environmental Working Group, most of which are continuously developed and updated (Amiri and Zhao, 2019) . A relatively simple and popular tool is EJSCREEN, a mapping and data reporting tool by EPA that links environmental and demographic indicators in the US, in the form of EJ indexes (EPA, 2016) . EJSCREEN contains data on environmental stressors related to air, dust, waste and water pollution and data on demographic indicators, mainly related to income, race, education level, and age. These indicators are calculated at the block-level and can be summarized within a defined buffer area. As noted in the relevant EPA report, EJSCREEN is not suitable for characterizing a site as EJ or non EJ community, as it is difficult to capture all environmental concerns at the same time; it is rather designed for screening purposes, meaning to provide an overview and identify areas in need for additional considerations (EPA, 2016).
To date, EJSCREEN has been used in several studies, including assessing the performance of and validating newly developed EJ tools (see Driver et al., 2019; Grier, Mayor and Zeuner, 2019; Rowangould et al., 2019) , linking high levels of outdoor pollution and low access to jobs (see Zhao, Gladson and Cromar,2018) , identifying the socio-environmental characteristics of renewable energy manufacturing sites (see Harris, 2018) , and associating adverse pregnancy rates with air pollution in low-income and minority sites (see Cifuentes et al., 2019) . Yet, there is no literature utilizing the EJSCREEN data to bridge environmental justice and built environment characteristics.
Perhaps one of the few EJ-oriented studies that links to urban development is this of Pratt et al. (2015) . The authors co-examined SES status and risks from traffic density and related air pollutants in Minnesota, USA and found higher than the mean exposures for residents of lower SES status. They further identified that residents living outside the urban core had lower risks of exposure but drove more, while those closer to the urban core tended to drive less and had higher exposures. On a related note, Woo et al. (2019) showed environmental inequities for racial and ethnic minorities through exposure to 3 types of air pollution in the US and further concluded that this exposure was higher in metropolitan areas with higher levels of residential segregation. These studies indicate that there is increasing interest from EJ-oriented research to establish connections among urban form, air quality and demographic characteristics.

Research Items
The question of the relationship between different patterns of urban form and their environmental and social costs has been increasingly investigated from urban scholars, especially as governmental commitments to urban sustainability accelerate (Camagni et al., 2002) . Evident in the above is that sprawl, air pollution and social vulnerability are three phenomena with many interlinkages (Agyeman, 2007) , but with multiple dimensions, which are often challenging to fully capture in single-metric and large-scale approaches. In simplified terms, sprawl translates to increased air pollution through higher traffic volumes from the dependency on cars (Burchell et al., 1998; Johnson, 2001) , and, in turn, air pollution is higher in areas with residents of a lower SES status. Similarly, sprawl may promote social isolation, through racial and income segregation, e.g. through the uneven distribution of public services and transport infrastructure (Zhao, 2013) , with persistent air quality problems and higher exposures in the most isolated communities. Therefore, although difficult to measure directly in physically meaningful units, it is logical to assume that there may be a simultaneous connection between sprawl, air pollution and socially vulnerable populations, in need for further investigation.
This paper contributes findings on research items that have partially been examined by some of the studies reviewed in the previous paragraphs. The central research question asks whether sprawl contributes to increased air pollution in US areas with socially vulnerable population groups. Connections among some sprawl dimensions and selected air pollutant indicators, such as ozone, have been covered previously, as well as connections among other indicators, such as air toxics cancer risk, and racial and income minorities. But the risk from air toxics and sprawl has not been examined, neither is the simultaneous relationship among sprawl, air pollution-ozone and air toxics cancer risk-and locations with higher percentages of low-education, low-income, isolated, racial minorities of seniors and children, which is the focus of this work.
Methods
Research linking directly urban form and environmental injustice is still in embryonic stages. Existing studies with data-and-modeling-driven agendas mostly adopt cross-sectional approaches, where they examine sprawl and air quality, or sprawl and social discrimination. They further limit their analysis in narrow individual groups and in bounded spatial contexts. In this work, a cross-sectional, national-level analysis is carried out, based on a mixed sample of environmental and sprawl indicators, while controlling for demographic variables targeting vulnerable populations. The next sections describe this process in more detail.
Data Collection
Sprawl and environmental justice data were taken from the previously described SGA index and EJSCREEN databases respectively. More descriptions are given below.
Sprawl Data
County-level estimates of sprawl in the United States were published in 2014 from Smart Growth America and were taken from the National Cancer Institute (NIH), Center for Geographic Information Systems and Science for Cancer Control website 1 . The data are AESOP / YOUNG ACADEMICS NETWORK available for 993 US counties; each county corresponds to a row in the sprawl dataset and is assigned the state it belongs, a density factor, a mix factor, a centering factor and a street factor, as well as a composite index, as of 2010. Specifically, the density factor indicates development density, the mix factor refers to land use diversity, the centering factor represents street accessibility, and the composite index combines them all together. The four factors were produced through principal component analysis and were then summed, giving each dimension of sprawl equal weight in the composite index (Ewing and Hamidi, 2014) .
Environmental Justice Data
Environmental justice data were taken from the US Environmental Protection Agency (EPA) website 2 . They are part of the Environmental Justice Screening and Mapping Tool (EJSCREEN) and exist either in comma-separated files or in the form of geodatabases. They combine block-level environmental and demographic indicators as of 2016.
The environmental indicators are direct or proxy estimates of potential exposure to environmental pollutants and were selected based on their public health significance, relevance to environmental justice, highest resolution possible and coverage (EPA, 2016) . Specifically, they include variables related to air (air toxics cancer risk, respiratory hazard index, diesel PM, particulate matter, ozone, traffic proximity and volume), dust and lead paint (lead paint indicator), and waste/water (proximity to risk management plan (RMP) sites, proximity to treatment storage and disposal facilities (TSDFs), proximity to national priorities list (NPL) sites, and proximity to major direct water dischargers).
The demographic indicators are general estimates of a community's potential susceptibility to environmental pollution. For example, individuals may be more vulnerable when they are of very young or older age, have poor health, have reduced access to care, and lack resources, language skills or education (EPA, 2016, Cohen and Martinez, 2011) . They are in a household basis and include percent low-income (income less than or equal to twice the federal 'poverty level' 3 ), percent minority (race other than white-alone 4 ), percent with less than high school education for people of age 25 and older, percent linguistic isolation (people living in linguistically isolated households 5 ), percent under age 5, and percent over age 64. As noted in the associated EJSCREEN documentation, there is a trade-off between resolution and precision; the data do not necessarily provide the full picture of a location's pollution exposure but are rather suitable to identify areas for further review (EPA, 2016) .
Data Analysis
The data analysis in this paper examines the relationship between selected environmental indicators and sprawl in US territories, while controlling for several demographic estimates. The central hypothesis is that areas with vulnerable population groups and higher levels of environmental pollution, may also be associated with higher levels of sprawl. The sprawl and environmental justice datasets described above, were utilized to perform a series of blocklevel, logistic regression analyses in Stata. The environmental variables of focus are ozone AESOP / YOUNG ACADEMICS NETWORK and air toxics cancer risk (air pollution related), as they are the most visible indicators in a block-level investigation and are entered as dependent variables. Then, sprawl is the policy independent variable that is represented by the composite index described previously, and combines the four factors of density, mix, centering and street. Lastly, all six demographic indicators of low income, minority, lower education, linguistic isolation, children and elderly are entered as additional control variables in the analysis.
Regression analysis is often used in studies examining the relationship between sprawl and environmental indicators, and ozone is a frequently investigated pollutant (see Bereitschaft and Debbage, 2013; Kang et al., 2019; Li and Zhou, 2019; Schweitzer and Zhou, 2010; Stone, 2008) . However, this is not the case with the air toxics cancer risk. In addition, while several studies address the unequal burden of outdoor pollutant concentrations on socially vulnerable populations (see Morello-Frosch and Jesdale, 2005; Pastor et al., 2005; Pratt et al., 2015; Tessum et al., 2019; Woo et al., 2019) , related demographic indicators are not usually present in existing statistical models of sprawl and air pollution. Likewise, many researchers have linked selected sprawl dimensions with socio-demographic indicators, such as income or racial segregation (see Guo et al., 2019; Nguyen, 2010) , but have not included the intermediate connection between environmental and demographic variables.
After data acquisition, sprawl, environmental and demographic variables described previously were merged into one dataset in MATLAB 6 , based on each county's unique identification number (FIPS) 7 . Necessary clean-up processes took place, such as identification of extreme/wrong values, deletion of missing values, and generation of fixed effects to account for spatial autocorrelation (Berrigan et al., 2014) . Block information is essentially nested within counties and therefore, shares the counties' physical characteristics. Fixed effects for places take care of this spatial autocorrelation and counties were classified as northeast, northwest, south and west, where south is the base category 8 .
During the aggregation process, there was an information loss, either because the environmental justice data did not cover all areas contained in the sprawl dataset, or reversely. Therefore, the resulting dataset has information for 168,607 blocks on the variables shown in Table 1 .
Both environmental indicators (ozone and ATCR) were turned into binary variables in this analysis. Specifically, existing air quality indexes often treat ozone as a categorical variable with values less than 50 parts per billion (ppb) indicating good air quality levels, and values above 50 ppb indicating avoidance of outdoor exposure, especially for vulnerable population groups such as children and seniors (EPA, 2015a). Here, the interest is limited in safe versus non-safe air quality levels. Therefore, a new ozone variable was generated, where the value of 1 was assigned to places with ozone>50 ppb, and 0 otherwise. Similarly, a new air toxics cancer risk variable was created, with values less than 45 in a million, expressing low risk, and values above this threshold indicating increased cancer risks for the study areas (1 was assigned to places with ATCR>45, and 0 otherwise). Table 2 summarizes the average, minimum and maximum values for the variables in the sample. (Ewing and Hamidi, 2014) .
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Density Factor
Continuous Combines population density and urban density with built land (Ewing and Hamidi, 2014) .
Mix Factor
Continuous Combines balance of jobs to total population and the mix of job types (Ewing and Hamidi, 2014) .
Centering Factor
Continuous Expresses the proportion of people and businesses located near each other in different block groups (Ewing and Hamidi, 2014) .
Street Factor
Continuous Combines the length of street block, the block size, the percent of blocks that are urban in size, the density of street intersections and the street connectivity (Ewing and Hamidi, 2014 
Results
Tables 3 and 4 report correlations between the environmental indicators, the composite index and the demographic estimates. In the case of ozone, correlations are particularly weak; the strongest correlations are those of the index, percent linguistic isolation and percent minority. Based on its sign, as the composite index goes up (meaning higher density and less sprawl), it is less likely that the outdoor ozone will be high (>50 ppb), and the same counts for percent linguistic isolation and percent minority.
In the case of Air Toxics Cancer Risk (ATCR), correlations are somewhat stronger, and the signs are reverse; the highest correlations are those of percent minority, the index, percent low income and percent with less than high school diploma. Now, as the composite index, hence urban density, goes up, so does the probability of air toxics cancer risk and the same counts for all the demographic indicators, except from percent seniors.
The results of the logistic regression models are presented in Tables 5 -10. The objective is to examine whether environmental indicators are associated with urban sprawl and related demographics. For each environmental indicator, four regression models are tested, beginning with models using only the composite index, and progressively adding demographic indicators and fixed effects for states. 
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In all models of Table 5 , the composite index is statistically significant at the 0.05 level. It is also negatively related to ozone as expected, therefore, as the density of a block increases, it is more likely that ozone levels among its residents will be lower. We also see that as more variables are added, the index coefficient increases slightly, probably because of omitted variables bias in the previous models.
The assessment of model fit that follows, focuses on the full logistic model 4 that includes the composite index, demographics and fixed effects. Specifically, the LR x^2 indicates a better model fit with a value of 25,752, at 10 degrees of freedom with p-values of 0.000. Therefore, the null hypothesis can be rejected, and it can be concluded that the model is statistically significant. Lastly, the correctly and incorrectly predicted results of the model are checked through running specificity and sensitivity tests, shown in Table 6 . Based on the results of the test, a 69.67% of the model is correctly specified. Table 5 is the statistically significant effect, but relatively low magnitude, of sprawl on ozone concentrations; as sprawl increases, ozone levels increase, which indicates that more compact urban forms may be preferred over sprawled areas for improved ozone levels. The same happens with lower income areas with less educated population that have higher magnitudes, where we see hints of environmental discrimination; ozone levels go up for low income communities with less access to education. This pattern is also alarming as ozone levels appear increased in areas with higher percentages of children under 5. Lastly, possibly the most surprising findings relate to senior, minority and linguistically isolated communities, where ozone concentrations are lower.
The next table zooms into the four sprawl factors and their relationship with ozone concentrations. The first model includes the whole sample, while the next models only include subsets with vulnerable populations.
As shown in Table 7 , in areas with lower street and density factors, ozone concentrations go up, while the opposite is true for mix and centering factors. The same pattern continues for subsets of the sample with vulnerable populations; if we only include those blocks with low income groups of 40% or more, and blocks with 20% or more people with less than high school education, density and street factors go up with lower ozone levels. Several other thresholds were tried in the analysis (e.g. 50%) and the directions of the coefficients remain the same, while the magnitudes get slightly higher.
In all models of Table 8 , the composite index is statistically significant at the 0.05 level. The composite index is positively associated with the air toxics cancer risk, therefore, as the density of a block increases, it is more likely that the air toxic cancer levels among its residents will be higher. Same as with the case of ozone, as more variables are added, the index coefficient increases slightly, assuming omitted variables bias in the previous models. 
The assessment of model fit that follows, focuses on the full logistic model 4 that includes the composite index, demographics and fixed effects. Specifically, the LR x^2 indicates a better model fit with a value of 39,749, at 10 degrees of freedom with p-values of 0.000. Therefore, the null hypothesis can be rejected, and it can be concluded that the model is statistically significant. Lastly, the correctly and incorrectly predicted results of the model are checked through running specificity and sensitivity tests, shown in Table 9 . Based on the results of the test, a 71.93% of the model is correctly specified. The case of air toxics cancer risk is different than that of ozone, where as sprawl goes down, so does the cancer risk from air toxics, although the magnitude is again relatively small. This indicates that further investigation may be needed to understand this relationship. The highest magnitudes are those of senior, low income areas located in midwest states, followed by minority and linguistically isolated places in the northeast. Low education, minority percent and percent of children under 5 also have significance but again, much lower effect over the environmental indicator. In terms of signs, minority and low-income areas are indeed more susceptible to higher air toxics cancer risk, highlighting disproportionate environmental burdens. But this finding does not apply to senior, linguistically isolated areas with less access to education, or places with children under 5. Table 10 shows that as sprawl dimensions increase (less compactness and more sprawl), cancer risk from air toxics goes down, except for the mix factor. Areas with a higher mix factor are likely to have lower air toxics cancer risk. The pattern changes in areas with low-income population of more than 40%, whereas density, mix and centering factors go up, ATCR increases, except from the street factor. Lastly, in areas with racial minorities of more than 40%, the cancer risk from air toxics goes up with higher density and centering factor but goes down when mix and street factors go up.
Discussion
The results from the analysis shown in Tables 5 -10 revealed statistically significant links between urban sprawl and environmental justice in US territories. There are two main findings that emerge from this work:
Degrees of sprawl contribute to the 'ozone paradox':
The results from the logistic regression of Table 5 confirm the central hypothesis and validate existing findings that in more sprawled places in the US, residents may have a higher risk of being exposed to ozone concentrations. This finding aligns with previous studies that support an association between ozone and less, compact urban form that may lead to higher traffic volume, which may be lower in higher density developments due to the availability of public transportation (Schweitzer and Zhou, 2010; Stone, 2008; Stone and Rodgers, 2001) . In addition, it was shown that ozone concentrations are indeed associated with higher levels of low-income and less than high school education, which has also been shown elsewhere (see Schweitzer & Zhou, 2010) . Lastly, Table 7 shows a weak, but statistically significant, association between ozone concentrations in places with more than 40% low-income and low educational levels, and some sprawl dimensions -density and street factors-, which has not been previously investigated. This last finding is the first, preliminary attempt to directly connect sprawl and environmental injustice.
Some dimensions of sprawl contribute to higher air toxics cancer risk, while others reduce it: Based on Table 8 , it is shown that as compactness levels go down, so does the risk from being exposed to carcinogenic air toxics. Again, this association is statistically significant, but has a small magnitude. While there exists no research directly addressing this relationship, human exposure to outdoor air pollutants that may cause cancer is a very important variable that should be part of human-centric approaches linking sprawl with air pollution. Moving forward, the next interesting finding from Table 8 shows that ATCR is higher in areas with higher percentages of racial minorities, low-income and linguistically isolated groups. It overlaps with ozone in the low-income variable and confirms the asymmetrically distributed burdens of environmental pollution that have been shown elsewhere (see Pratt et al., 2015; Schweitzer and Zhou, 2010; Tessum et al., 2019; Woo et al., 2019) . Lastly, Table  10 reveals statistically significant, but weak, associations between higher density and centering factors and higher levels of ATCR in blocks with minorities of more than 40%, but lower cancer risk for a higher mix factor. Along with the findings from Table 8 , it does not indicate that sprawl is good; instead, it raises the question of how much compactness and less sprawling is good, and which dimensions we should be focusing on for future development.
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A statistical analysis of the links between urban form, air pollution and vulnerable populations is definitely complicated, as it attempts to connect multi-dimensional phenomena of inherently different nature and there is likely no possible way of capturing all their aspects at the same time. The way each aspect is measured is another limitation, which is subject to additional considerations, such as instrument bias, sample size and other data uncertainties. This holds true for both sprawl and air pollution data. In addition, while spatial boundaries for blocks, counties etc., are useful in improving our understanding of the urban form and in identifying vulnerable populations, they do not necessarily align with air pollution boundaries.
On the other hand, research continuously moves forward to capture more dimensions of urban sprawl and air quality in more areas, which gives us access to more and bigger data. While there is a need to move beyond single-case studies and explore less-studied urban scales, such as blocks and neighborhoods (Artmann et al., 2019) , there is a trade-off between precision and resolution (EPA, 2016) . A national-level analysis may be limited in providing an overview and identifying patterns for further consideration. A more thorough examination drawing on higher quality data, mapping visualizations and context-specific information can be the next step of such an analysis and may reveal aspects of this story that would be invisible otherwise.
Lastly, the analysis utilized in this paper attempts to incorporate some demographic indicators into the relationship of sprawl and air pollution, which has been deemed useful elsewhere (see Artmann et al. 2019) . Therefore, the focus is on identifying an association and not describing a causal mechanism behind this relationship. Perhaps, there are several other ways of measuring this association, such us using longitudinal data, which may overcome possible omitted variable bias, or through utilizing a county-level analysis, which may allow to include more environmental justice dimensions that can be visible in such scales. Also, using U.S. Census demographic indicators related to race and minority groups is based on selfidentification and reflects a social, rather than a genetic or biological definition of race. Such an approach may contribute to naturalizing racial categorizations, but on the other hand, it can enhance awareness of unequal environmental impacts and built environment choices. Nevertheless, the analysis can provide new insights in the ongoing discussion of more compact and sustainable urban development patterns and inform researchers of the particular dimensions of sprawl that may require further focus, such as street accessibility and urban, built-up density.
Conclusions
This paper employed a regression analysis approach to identify possible links between urban sprawl and environmental justice indicators in US territories. The sample was composed of 168,607 blocks with assigned characteristics that included ozone levels, air toxics cancer risk, sprawl/compactness dimensions and percentages of vulnerable population groups, such as children, seniors, and linguistically isolated racial minorities, with low income and low education levels. The research question was whether individuals with vulnerable demographic characteristics who reside in less compact blocks have higher risks of being exposed to lower environmental quality, specifically high ozone concentrations and high cancer risk from air toxics.
Sprawl is a well-known unsustainable urban development pattern, which has been rapidly systematized in various cities of the world after the industrial era, but there is still a lot of uncertainty in terms of what sprawl really means and what would be the best way to measure AESOP / YOUNG ACADEMICS NETWORK it. The updated sprawl/compactness index by Smart Growth America utilized in this study, treats sprawl as a measurable phenomenon with measurable consequences for people. Therefore, it allows for a thorough examination of the relationship between sprawl dimensions and environmental justice indicators.
Literature addressing directly the synergies of environmental injustice and sprawl is very limited, but as seen previously, there are several studies that connect either sprawl with air pollution or sprawl with social discrimination. This paper moved forward to investigate the integrated links of those dimensions and found statistically significant associations among aspects of sprawl and environmental injustice indicators. The relationship among sprawl and ozone showed that less compact urban development can be harmful for human health and welfare of vulnerable populations, especially in terms of density and street accessibility. The link between sprawl and ATCR showed that sprawl, and specifically lower density and centering, may contribute to lower cancer risk from air toxics in the same populations, but a higher mix factor links to less ATCR. Nevertheless, both findings highlight that planning and policy making processes should protect individuals, groups and communities from unjust regimes.
The results also suggest that further research is needed to study those phenomena in the micro-level, and that both scholars and practitioners should not just be concerned of reducing sprawl, but instead focus on reducing those particular aspects of sprawl that pose significant environmental challenges for socially vulnerable population groups. First, there is a need to evaluate the combined risk of multiple environmental aspects, such as pollution from ozone concentrations and other air toxics in the neighborhood level, which can provide a better picture of social context and urban form characteristics, such as density, centering and street accessibility. This could help assess the extent to which, certain compactness dimensions, such as street connectivity and mix of jobs need to be promoted, while balancing factors such as urban and population density and centering of people and businesses. Along those lines, future work should also identify socially vulnerable neighborhoods, but with low levels of pollution that have achieved local innovation and community building through promoting a more compact urban development form.
